The metadata may also be used to define integer programming models which can be applied to support the instructor in formulating his specifications for selecting objects or which allow a computer agent to automatically select learning objects. Such decision models could also be helpful for a learner navigating through a library of learning objects. We also sketch a graph-based procedure for manual or automatic sequencing of the learning objects.
Introduction
Traditional and electronic courses present a certain domain of knowledge from a specific viewpoint. Instructors offer distinct courses on the same domain of knowledge to learning communities that differ in various properties. Usually the learners are supported by some documentation of the course content. Often one textbook does not reflect all topics considered as relevant and textbooks typically cover topics that are not treated in the course. Therefore, instructors often provide individually compiled notes for their courses; they are composed with respect to the • objectives of the course • background of the learners • number of hours devoted to the course, and • preferences of the instructor. Although courses from the same knowledge domain typically have many elements in common, it is rare to find two courses that use identical notes. When instructors gain access to learning materials, they often break them down into their constituent parts and afterwards reassemble them in ways that support their individual instructional goals better [29] . Thus, many e-Learning concepts suggest to provide a collection of learning objects and to support the instructor in his selection and, maybe, also in his enhancement of learning objects. The relevant objects have to be brought into an appropriate sequence. The process described is called course composition, course customization or content packaging.
In Section 2 we give an overview on the concept of eLearning objects (ELOs), discuss their properties, and summarize the standardization efforts with respect to their metadata. In Section 3 we describe roles in and responsibilities for selecting ELOs. We also discuss enhancements by the instructor's team and the navigation of learners through the set of ELOs as alternatives to pure selection procedures of the instructor. In Section 4 we show how the Gozinto method, which is widely applied in ERP systems for bill of materials explosion and materials requirements planning, can be used to determine feasible selections of ELOs. We develop integer programming models in which the instructor defines benefits and costs of selecting ELOs and the constraints existing in the educational environment; the model determines the optimal selection of ELOs under the given constraints. We also discuss variants of the model to allow individual enhancements of objects and treating prerequisite conditions as soft constraints. The sequencing technique suggested can be applied by the instructor but also if the learner is autonomously navigating through the content. Section 6 summarizes the results and presents an outlook on related issues.
e-Learning Objects

Definition
Since about 1999 the term "learning objects" is widely used in the e-Learning community; in 2002-09 Google provided almost 76,000 hits for this search string. There is no unique definition of learning objects. The Learning Object Metadata (LOM) Working Group of IEEE LTSC defines a learning object as any entity, digital or nondigital, which can be used, re-used or referenced during technology supported learning. Examples of technologysupported learning applications include computer-based training systems, interactive learning environments, intelligent computer-aided instruction systems, distance learning systems, web-based learning systems and collaborative learning environments [19] . The Internet Learning Solutions Group of Cisco Systems [5, p. 6] defines a learning object as a granular, reusable chunk of information that is media independent. Learning objects are also defined as elements of computer-based instruction grounded in the object-oriented paradigm of computer science, allowing instructional designers to build small (relative to the size of an entire course) instructional components that can be reused a number of times in different learning contexts. They are generally understood to be digital entities deliverable over the Internet, meaning that any number of people can access and use them simultaneously [37, p. 3] .
Another source explains the notion "learning objects" by describing them as follows:
• Self-contained -each learning object can be consumed independently • Reusable -a single learning object may potentially be used in multiple contexts for multiple purposes on multiple campuses • Can be aggregated -learning objects can be grouped into larger collections, allowing for their inclusion within a traditional course structure • Are tagged with metadata -every learning object has descriptive information allowing it to be easily found by a search, facilitating the use by others • Allow for learning that is -just enough -if you need only part of a course, you can use the learning objects you need -just in time -learning objects are searchable, you can instantly find and take the content you need -just for you -learning objects allow for easy customization of courses for a whole organization or even for each individual [27] .
Metadata is often regarded as a critical component of learning objects and therefore mentioned in their definition [7; 21] .
Other terms are used very similar or even synonymously to learning objects. Among others, terms like educational objects, content objects, training components, nuggets, and chunks [5, p. 6] , "media object" [31] , "lecture object" [36] , "knowledge object" [24] , "educational objects" [12] , "educational software components" [30] , "courseware unit" [14] , "learning unit" [4] , "learning atoms" [3] , "atomic information units" [23] , "assignable units" [17] , and "sharable content objects" [2] are used.
Properties
Properties of learning objects often invoked when working on their specifications and standards include
• affordability, and • manageability [31] . However, the central benefit of learning objects upon which most institutions focus is their potential reusability [3; 6; 15; 16; 28] . In Cisco's view, Reusable Learning Objects (RLOs) are based on 7±2 Reusable Information Objects (RIOs), each consisting of 7±2 building blocks, an overview, and a summary. Each RIO should consist of content items, practice items, and assessment items [6] . The main idea is to allow authors to publish the same input to multiple delivery media, i.e., author once, deliver many. SCORE (System for Courseware Reuse) [33] , an eLearning project at the University of Karlsruhe, is named with respect to this aspect of ELOs.
Object Size
There is a substantial discussion about the appropriate size of ELOs [25; 31; 37; 38] . For texts, an ELO could be 1 sentence, 1 paragraph, 1 idea, 1 topic, 1 section, 1 chapter, 1 lesson, or 1 course. It may be even more difficult to determine the optimal ELO size if acoustic or video streams are provided.
A small, content-specific, semantically self-contained ELO has a good chance of reusability. It has been recommended that a typical screen should be constructed from 2 or more ELOs [25] . However, a very large number of ELOs will result if a low granularity is chosen; for instance, a physical science online course consisting of 34 lessons and approximately 350 web pages contains over 1300 objects, ranging from simulations to charts and diagrams [31] . The effort for metadata documentation of ELOs is partially size-independent and increases therefore with a rising number of small ELOs. Furthermore, small ELOs lead to many interfaces in the composed material and some of the interfaces may need smoothing to avoid content disruption.
Learning objects may be aggregated in a hierarchy. A glossary provided by the Commission on Technology & Adult Learning [7] mentions that learning objects can be grouped into larger assemblies and be nested within each other to form an infinite variety and size. In its Reusable Learning Object Strategy Cisco Systems [6, p. 8] mentions as sample hierarchy Curriculum -> Unit -> Module -> Lesson (RLO) -> Section (RIO).
Metadata
Generally, metadata are data about data, in our context about e-Learning objects. The types of metadata that can be associated with an Online WWW document include
• details of the document's author, publisher, and publication date • details of the ownership of any associated intellectual property rights • details of any ratings assigned to the data to allow protection against harmful content facilities to be applied • searchable keywords that can be used to classify the document • codes used to classify the document's contents with respect to a standardized classification scheme (e.g. Universal Decimal Classification) • details of the type of data found in the document, and the relationships between different data components [9] . There are several activities to standardize Learning Object Metadata (LOM). An important progenitor to this standardization efforts is the Dublin Core Metadata Initiative which is dedicated to promoting the adoption of interoperable metadata standards and to developing specialized metadata vocabularies for describing resources. This initiative specified many metadata attributes; among others it defined 12 qualifiers for the relation between resources [10]:
• IsPartOf: is part of Of course, the optimal amount of metadata depends on the learning environment. Duncan et al. [11] argue that due to the effort associated with defining metadata, a goal should be to generate as many as possible automatically. For instance, one could classify ELOs with respect to their similarity of texts by assuming that they are related to each other if some similarity threshold value is exceeded.
Some implementations apply a restricted set of relationships. For instance, the Department of Management Information Systems of the Poznan University of Economics uses Topic Maps for describing courseware. Among the association types defined are 
Course Composition
The term "software composition" is used in connection with building object-oriented software systems. Course composition may be defined as selecting ELOs from a digital library, eventually enhancing the resulting collection individually, and sequencing the objects in a way which is appropriate for the targeted learning community or individuals. In some cases the instructor will not accept an ELO and will be interested in modifying it, in replacing it with another one, or in smoothing the interfaces between some learning objects by adding sequence-dependent content.
Several groups of persons or computer programs may be responsible for course composition:
• The instructor composes the material, based on an ELO library. However, this work may not be accepted by many instructors if they regard the necessary technical knowledge beyond their capabilities and maybe also as below their job profiles.
• Support staff of the instructor composes the material, based on an ELO library and on specifications obtained from the instructor.
• Support staff of the library composes the material, based on the ELO library and on specifications obtained from the instructor.
• The authors of the ELO library define several or even many course variants and compose appropriate material for all variants; for instance, in the "Wissenswerkstatt Rechensysteme" project [23] three levels of intensity result in three sizes for each module defined as • The learners define the content they are interested in simply by accessing certain parts of the ELO library.
• If several sources of ELOs are available, e.g., via the Web, aggregators who are responsible for gathering metadata from remote ELO libraries and expose it to support the course composition process may be necessary. One of the purposes of the IEEE LTSC LOM project is to "enable computer agents to automatically and dynamically compose personalized lessons for an individual learner" [18] . According to this concept, a computer agent receives a more or less precise description of the course environment. Based on this specification and previously agreed composition rules it may select ELOs and sequence them. The agent is highly dependent on the ELOs' metadata: When labeled with metadata, an e-Learning system can mix and match learning objects to create individualized learning experiences [8] . It has also been suggested to implement an adaptive competencybased approach by matching object metadata with individual competency gaps [22] . However, no welldefined rules exist how the ELOs should be selected, which of them should be enhanced, and how they should be sequenced to make instructional sense. In the following section we formulate decision support models which should contribute to solving these problems as well for manual as for automatic course composition.
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Decision Support Models for Course Composition
A Gozinto-type Model
Some matrices and graphs are closely related to each other. An example is a quadratic adjacency matrix which defines whether a certain object i, represented as well in row i as in column i of the adjacency matrix A, is related to another object j or not. For such an adjacency matrix we would obviously end up with A = A', i.e., the matrix A equals its transpose. This redundancy is avoided by defining the matrix elements as { As discussed above, the instructor should be able to retrieve this type of relationships from the metadata section of the ELOs. An example for an adjacency matrix is given in Table 1 .
Graphically one can visualize relationships by arrows that connect the objects i and j if and only if object i is a direct prerequisite for object j (Figure 1) .
The adjacency matrix of Table 1 can be transformed into the graph shown in Figure 2 . Typically not only direct prerequisites but also indirect ones exist; these may not always be easy recognized when selecting ELOs. Often the course composition will be under some time pressure ("just-in-time customization") and the relationships between the objects may not be considered extremely carefully in the selection process. Therefore it would support the composition process if information as well about direct as about indirect dependencies between objects were available. These relationships can be documented in a matrix T with The adjacency matrix A is similar to an assembly parts matrix P in Material Requirements Planning. However, the elements of P can be any number of parts needed and their values are therefore not restricted to binary values. The arrows of the corresponding Gozinto graph show the number of units of a lower-level part that go directly into the upper-level part. From the assembly parts matrix P the total requirements matrix R can be derived [35] as R = (I-P) -1 where I represents the identity matrix.
We can apply this procedure also to the relationships between ELOs by computing T = (I-A) -1 Matrix T shows the total number of direct and indirect prerequisite relationships between two learning objects [26] . Larger values of t ij imply that there exist more paths between i and j, representing a larger number of dependencies of object j from object i. Table 2 shows the matrix T for the example given above. The numerical value of the matrix elements gives the number of paths between two nodes in Figure 2 . For instance, t 15 
Table 2: Matrix T showing the total number of direct and indirect prerequisite relationships between two objects
Matrix T allows the course composer to identify easily all objects that must be selected if certain target objects should be included. If, in the example above, an instructor wants to present the target objects 5 and 13 to her learners, her demand vector d becomes d' = (0 0 0 0 1 0 0 0 0 0 0 0 1 0 0) We may compute the vector s = Td and note that each object j for which s j >0 holds has to be selected. In the example we obtain s' = T d = (9 5 2 2 1 1 0 1 0 0 0 6 1 0 0). Thus, if the target objects 5 and 13 should be presented, all ELOs except 7, 9, 10, 11, 14, and 15 must also be selected.
In computing T it is necessary to invert the matrix (I-A). Under certain mathematical conditions it is impossible to invert a matrix. In our case this may happen if for any pair of indices i and j a ij = a ji = 1 holds. In this case a mutual dependency between two objects is claimed by the metadata. If the matrix cannot be inverted this indicates that either an error occurred in the definition of the metadata or that the granularity of the ELOs is too large because, e.g., the middle part of object j depends in the first part of object i and the last part of i depends on the middle part of object j. Thus, the existence of the inverse may be used to assess the integrity of the relationship metadata and the appropriate granularity of the ELOs.
Integer Programming Models
In general, there are trade-offs in the composition of a course and several constraints have to be considered in this process. An instructor will (at least implicitly) assign some benefit values b j for incorporating a certain learning object j into the course. Variable costs u j for obtaining object j from the library may exist and there may be a limited budget U for buying ELOs. We assume that the total time effort of an average learner for passing the course should not exceed E time units. From the metadata the instructor may derive an estimate for the time effort e j a learner has to invest for studying the content of object j. Some ELOs may be different versions of the same content and the instructor should select at most one of them. As discussed above, in case of dependencies the model should ensure that ELOs i for which t ij >0 are selected if object j is selected.
This problem can be formulated as an integer programming model for determining the optimal values of the binary variables { The integer programming model reads as follows: Objective Function: The logical conditions are applied for all existing relationships and, thus, as well the direct as the indirect relationships are taken into account. An alternative formulation could be based on the column sum a j = Σ i a ij which can be used in reformulating the logical constraints as Σ i -a ij x i + a j x j ≤ 0 for all j This formulation needs fewer constraints and leads to the same optimum but is probably computationally less efficient if, e.g., Branch&Bound methods are applied to solve the problem [39, pp. 196] .
The instructor may also consider to add some additional content, e.g., to replace ELOs that are, for some reason or other, not acceptable for him. We denote by h j the benefit of an individually generated object j and by c j the cost of substituting the library object x j by individual content y j . Also the time effort needed by the learner to study the object may change from e j to f j . This leads to the following integer programming model: Objective Function:
≤ 1 for some j representing variants of a certain content x j + y j ≤ 1 for all j -1 x i + a ij x j -1 y i + a ij y j ≤ 0 for all j, i≠ j x j , y j = {0, 1} for all j In another model one could allow to waive some objects although they are defined as prerequisites for selected objects. Such violation options could be modeled by constraints Σ i -a ij x i + a j x j -v j ≤ 0 for all j The variable v j represents the number of direct prerequisite objects for object j that are not selected in a solution. It may be formally treated as a continuous variable but will always be integer because there is a (usually high) penalty cost associated with it in the objective function. In our example, if one would waive object 10, we would obtain v 15 = 1. The missing content could, e.g., be provided in an enhancement of object 4 or by explanations in the discussion forum associated with the course.
However, if a certain object is not chosen because it is cheaper to accept the penalty, also its predecessors may not be selected without additional penalties. This could result in huge additional explanation efforts. Therefore, it may be more appropriate to use the total number of direct and indirect relationships between two objects as indicator for the disadvantages from waiving an ELO. This time we compute the column sums of matrix T, denote them by t j = Σ i t ij and use them in formulating the logical constraints as Σ i -t ij x i + t j x j -v j ≤ 0 for all j With this formulation the penalty is assumed to be higher if a certain object i interacts closely with object j. Penalties occur for all missing relationships and not only for the direct ones.
A Graph-based Sequencing Procedure
When the set of ELOs to be used has been specified it is necessary to determine the sequence in which the objects will be presented. Based on the graph shown in Figure 2 it is comparatively easy to determine feasible paths through the network. We can label all arrows that leave an object which has already been sequenced as feasible edges. Each node for which all entering arrows are labeled may be positioned in the next sequencing step. One objective of determining the schedule could be to minimize the number of jumps, defined as an event where the learning path is continued at another node. Reducing the number of jumps is attractive because it will lessen the interface problems resulting between the ELOs.
As above, we assume that we want to present the target objects 5 and 13. According to the adjacency data, also the objects 1, 2, 3, 4, 6, 8, and 12 have to be chosen, resulting in 9 objects to be presented. One jump is unavoidable at the start of the sequence because the objects 1 and 12 are not related and both are prerequisites for presenting object 2. One may start with either object 1 or object 12. After that, object 2 has to be presented. In the next step either object 3 or 4 may be chosen. Near the end of the course another jump is unavoidable because the two target objects 5 and 13 are also independent. The last column of Table 3 gives the number of jumps associated with each schedule. Of the 28 possible sequences only sequence 14 and 28 content themselves with 2 jumps.
Navigation through e-Learning Objects
In some learning situations the task of course composition formally disappears because the learner makes the selection and sequencing decisions by himself when browsing through the ELOs. The models developed in section 4 are also applicable if we assume that the learner should be directed towards reasonable selection and sequencing choices by recommending appropriate learning paths [32] . There could also be synchronization rules to specify or at least to restrict the order in which objects are available to the learners; access to objects could evolve dynamically according to the objects the learner already visited [34] . Links to objects preferred by the instructor could be presented more prominently than others.
Number of sequence
Objects arranged in sequence  Number of  jumps  1  1  12  2  3  4  5  6  8  13  3  2  1  12  2  3  4  6  5  8  13  5  3  1  12  2  3  4  6  8  5  13  5  4  1  12  2  3  4  6  8  13  5  4  5  1  12  2  3  6  4  5  8  13  3  6  1  12  2  3  6  4  8  5  13  5  7  1  12  2  3  6  4  8  13  5  4  8  1  12  2  3  6  8  4  5  13  3  9  1  12  2  3  6  8  4  13  5  3  10  1  12  2  4  3 
Summary and Outlook
The definition and documentation of e-Learning objects are a main concept for developing courses that are customized to different audiences. Standardization bodies and consortia recommend to define relationships between learning objects in their metadata.
In this paper we discuss as central tasks of human or computerized course composition to find
• feasible collections of e-Learning objects, i.e. a set of objects which can be sequenced in such a way that the learner has been provided with all prerequisites necessary to understand the current learning content • an optimal solution according to the teaching goals of the instructor or the learning objectives of the learners.
Feasible solutions can be obtained by applying a Gozinto-type computation, similar to procedures used for bill of materials explosion in Materials Requirements Planning. Optimal solutions can be determined by solving an integer programming model which allows to take into account many constraints that may exist in the learning environment. Feasible sequences of the selected objects can be defined by applying a graph-based procedure. The same models may also be helpful in supporting the autonomous navigation of learners through learning object libraries.
Prerequisites for applying these models are well-defined meta-data about the relationships between the objects and, for the optimization model, an explicit definition how the achievement of the learning goals depends on the inclusion of single learning objects. Unfortunately, there are not too many empirical data available about existence and quality of detailed meta-data for e-Learning objects. The scientific community should emphasize that the definition of high-quality meta-data is an important task in instructional engineering which should not be neglected, e.g., in case of budget constraints, and its members should act accordingly when developing course materials.
From a database view, the recommendations of the standardization bodies with respect to documenting the relationships between objects should be aware of potential data integrity problems. If the relationship data between two objects are stored in the meta-data sections of both objects, e.g., as attribute data IsBasisFor and IsBasedOn, insert, delete, and update anomalies may occur. They can be avoided by normalized relational data design or by implementation of trigger mechanisms.
A general remark has to be made with respect to the composition process. Solely selecting e-Learning objects will lead to a rather fragmentary presentation because the interfaces between the objects will not be smoothed and the student will be confronted with abrupt changes in the content presented. In a movie production, the Continuity Director has to avoid unintended breakpoints. In e-Learning customization a similar task becomes highly relevant because not only one version or a few versions are prepared, as in the movie production, but a comparatively large number of course variants may result. A satisfying course may need some smoothing activities in addition to the selection work.
